Abstract-This paper concentrates on degradation of electric vehicle (EV) lithium-ion batteries in vehicle-to-grid (V2G) programs and proposes a practical wear cost model for EVs charge scheduling applications. As the first step, all the factors affecting the cycle life of lithium-ion batteries are identified and their impacts on degradation process are investigated. Subsequently, a general model for battery loss of cycle life is devised incorporating all the pertinent factors associated with charging and discharging activities in V2G applications. Modeling the battery wear cost as a series of equal-payments over the cycle life, a mechanism for calculating the cost incurred by EV users due to participation in V2G programs is developed. Taking into account the developed battery degradation cost model, EVs charge scheduling problem is revisited and it is formulated as a mixed integer linear programming problem. As the actual battery degradation cost and adopted charging strategy are mutually dependent, a novel iterative method is proposed to efficiently obtain the optimal solution to charge scheduling problem and calculate the associated wear price. Several case studies are presented to demonstrate the effectiveness and applicability of the proposed method in integrating the degradation cost of lithium-ion batteries into charge scheduling of V2G-capable EVs.
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Battery global wear coefficient. 
I. INTRODUCTION
E
LECTRIC vehicles (EVs) are expected to constitute a substantial portion of transportation sector in the upcoming years. If properly aggregated as an ensemble, they would be able to significantly influence the future power systems as dispersed energy storage units [1] . With emergence of electric vehicles with bidirectional power transfer capability, i.e., grid-to-vehicle and vehicle-to-grid (V2G), many new challenges and opportunities are introduced into the operation and planning of power systems [2] . The V2G concept which plays the role of a bridge between two important technological structures, i.e., transportation and electric power systems, is able to address some unresolved problems for both of these systems. In this context, V2G capability of electric vehicles can provide new opportunities for system operators and lend them a hand in reactive power support, active power regulation, peak load shaving, and maintaining power system reliability [3] - [7] .
Despite the numerous benefits mentioned for V2G programs, concerns about increased battery degradation due to more frequent charging/discharging cycles has remained as a main obstacle to widespread implementation of these programs. Since battery accounts for a remarkable portion of total vehicle cost [8] , appropriate modeling of the wear cost incurred by EV owners in V2G applications is essential.
Lead-acid, lithium-ion, and nickel-metal hydride have been the top three technologies deployed in EV batteries, considering the performance measures such as cost, safety, and life duration [8] . Among them, lithium-ion batteries dominate the most recent group of EVs in development. This type of batteries which have no memory effect and possess high energy density [9] , are the main focus of this paper.
There are two major criteria for estimating the actual life duration of lithium-ion batteries [10] , [11] . The first one is calendar life, which estimates the retainable life duration without considering the cycling pattern of the battery. The other one is cycle life. Cycle life represents the number of charge-discharge cycles that the battery can go through before its exploitable capacity falls below 80% of its initial rated capacity [8] , [10] . Since calendar life is independent of the charging strategies adopted in V2G applications, we only focus on the cycle life modeling procedure in this paper [12] .
Loss of cycle life is usually linked to the loss of active lithium ions due to the electrochemical parasitic reaction and rise of the anode film resistance [11] . In order to estimate the cycle life of a battery considering the operational conditions, two general approaches have been introduced. In the physical approach, electrochemical reactions are accurately modeled as a function of operational conditions and the performance of battery is simulated under arbitrary conditions using analytical methods [11] , [13] , [14] . The second approach, which is referred to as systemlevel modeling [8] , [10] , [12] , [15] , tries to estimate the cycle life based on the easily measurable operational conditions and neglects the internal interactions occurring during the chargedischarge processes.
Careful review of the presented methods reveals that despite the accuracy of physical modeling approach, it is necessary to conduct extensive experiments for each specific battery type in order to determine the associated model parameters. Moreover, solving the associated analytical model for battery performance simulation is time-consuming and introduces a high computational burden to the studies. Therefore, it cannot be effectively integrated into the charge scheduling of V2G-capable vehicles. In addition, simulating the battery performance with such a high amount of detail is neither practical nor necessary for the intended goal of this paper. In contrast, the system-level approaches are able to predict the battery performance mainly based on the practical and easily measurable operational conditions. These methods can be readily applied to different battery types and therefore they are more suitable for the application at hand.
Several research works have investigated the degradation process of lithium-ion batteries and various contributing factors have been identified in this context. These include the number of cycles, operational temperature, charge and discharge rates, depth of discharge (DOD), state of charge (SOC), end of charge voltage (EOCV), and the total processed energy [8] , [10] - [15] . Careful review of these works reveals that they have presented either simple degradation cost models that can be utilized in limited situations, or comprehensive models whose application is not practical and straightforward in charge scheduling of V2G-capable EVs. Moreover, financial factors that are of essential importance in this regard, are not effectively considered in these models. In response and as a complementary to these works, we intend to fill these gaps by developing a system-level degradation model in this paper and employ it to minimize the associated wear cost in the context of V2G applications.
On these bases, this paper proposes a general and practical scheme for involving the degradation cost of EV batteries in the V2G programs. It identifies the major contributing factors to wear process and deploys the pertinent financial factors in order to propose an effective mechanism for estimating the degradation costs incurred by EV owners in V2G applications. To demonstrate the abilities of the developed wear cost model, it is incorporated in the optimal charge scheduling of V2G-capable EVs and the impacts of different charging scenarios on battery degradation are investigated through extensive case studies. In short, the main contributions of this paper can be listed as follows:
1) The major contributing factors to degradation process of lithium-ion batteries in V2G applications are identified and incorporated in a model to estimate the battery life duration based on operational conditions. 2) It is shown that wear level of Li-ion batteries in V2G applications can be well approximated based on the total processed energy and the associated factor (global wear coefficient) is the same for all batteries with identical ACC-DOD characteristics. 3) Degradation cost of EV batteries is modelled as a series of equal payments during battery cycle life and an accurate scheme is presented to calculate the associated wear price (wp) based on engineering economics principles. 4) The developed battery wear cost model is integrated into the charge scheduling of V2G-capable EVs and the associated optimization model is formulated as a mixed integer linear programming (MILP) problem, which can be efficiently solved using available optimization software packages. 5) As the actual battery degradation price and adopted charging strategy are mutually dependent, an iterative method is proposed for solving the developed charge scheduling problem in an efficient manner. 6) Extensive case studies are presented to demonstrate the role of battery degradation cost on the optimal charge scheduling in V2G applications and provide guidelines for minimization of EV user's total costs under different usage patterns. The remainder of this paper is organized as follows. Section II outlines the proposed battery degradation model and delineates the calculation procedure of battery wear cost. Charge scheduling problem of V2G-capable EVs incorporating the degradation cost model is presented in Section III and an iterative method is proposed to solve the associated optimization problem. Case studies are provided in Section IV, followed by concluding remarks in Section V.
II. PROPOSED BATTERY DEGRADATION COST MODEL
In order to integrate the battery degradation cost into charge scheduling of V2G-capable EVs, it is necessary to firstly develop an appropriate model for estimating the battery life duration based on the utilization pattern. Once this model is derived, the associated cost of participation in V2G programs incurred by EV users can be calculated considering the pertinent financial parameters. This section is devoted to detailed treatment of these two important subjects.
A. Developing the Battery Wear Model in V2G applications
As mentioned earlier in the introduction section, several contributing factors to degradation of lithium-ion batteries have been identified in the literature. These factors and their associated impacts on the battery wear process in V2G applications are investigated in the following:
1) Charge and Discharge Rates: Studies suggest that high charge and discharge currents can accelerate the degradation process of lithium-ion batteries. However, the values of these parameters are usually limited in V2G scenarios and their impacts on the battery degradation process can be neglected [12] , [14] . 2) Temperature: The loss of charging capacity in lithiumion batteries is mainly caused by growth of electrode film resistance, which will be accelerated by elevated ambient temperature [16] - [19] . However, experiments suggest that cycle life of lithium-ion batteries would not significantly change by working within normal operating temperatures [8] , [14] . On the other hand, charge and discharge rates are usually low in V2G applications and cause negligible temperature variations as previously remarked. Under these circumstances, this factor can be neglected in the battery degradation model [8] , [12] . 3) DOD, SOC, and EOCV: Experiments reveal that loss of capacity is not generally the same for all the operating SOCs. On the other hand, voltage has a direct relationship with SOC. Some studies show that these factors can be all represented by a single factor, namely DOD [11] - [13] . According to the definition, a discharge-charge cycle with DOD equal to D is comprised of a discharge action from 100% to (100-D)% SOC and then charging back to the full capacity (100% SOC) [8] . 4) Cycle Numbers and Total Processed Energy: Naturally, this is the main factor that by cumulatively increasing the anode film resistance over time, causes the loss of cycle life [8] - [19] . Studies suggest that charge and discharge actions at high currents, cause different degrees of battery degradation and the wear level associated with charging action is more pronounced [14] . Nevertheless, this difference is negligible for moderate and low charging/discharging currents and therefore it can be overlooked in case of V2G applications [12] , [14] . Based on the above discussions, loss of cycle life for a lithiumion battery cycled at a DOD equal to D may be described by the general equation presented in (1):
where, E i denotes the battery exploitable energy at the beginning of ith discharge-charge cycle. In (1), K D is discharge coefficient and has been introduced to the battery degradation model to account for the variable loss of cycle life at different operating SOCs. From (1), it can be confirmed that K D describes the lost capacity in terms of total processed energy and therefore it should be measured in (kW·h/kW·h). Since the assumed cycle consists of both discharge and charge actions, a factor of 2 is considered in (1). Based on this equation, exploitable energy at an arbitrary cycle n, can be expressed in terms of the initial rated energy E 0 , as follows:
It is common for battery manufacturers to provide the socalled ACC-DOD characteristics, which predicts the achievable cycle count (ACC) as a function of operating DOD [8] , [12] . ACC-DOD characteristic implies that after going through N (ACC)(D ) cycles, exploitable energy of the battery would decrease to 80% of E 0 . By rearranging (2), the value of K D can be calculated from (3):
Once the value of K D has been determined for all the operating DODs, the loss of exploitable energy caused by a charging or discharging process between any two arbitrary SOCs can be evaluated from (1). The resulting equation is given by (4), where D ini and D fin are the initial and final DODs of the assumed charge or discharge process, and respectively correspond to the initial and final SOCs (D is equivalent to(1 − SOC), and | · | stands for the absolute value function). It should be noted that as the wear level associated with a single charge/discharge action would be half the value calculated from (1), the factor of 2 is eliminated from (4):
Assuming the common ACC-DOD characteristic [8] , [12] , the amounts of capacity loss as a function of different initial and final SOCs are evaluated from (4) and the results are illustrated in Fig. 1 . As can be observed, the obtained characteristic is almost a linear surface. Therefore, the wear level can be represented as a linear function of initial and final SOCs. On these bases, (4) is approximated as follows:
where K w is the global wear coefficient and S ini and S fin respectively denote the initial and final SOCs. Similar to K D , K w is also expressed in (kW·h/kW·h). In order to find out the best approximation of capacity loss characteristic depicted in Fig. 1 , the value of ΔE is calculated for all possible initial and final SOCs from (4) and (5), and root mean squared error (RMSE) between them is recorded for different values of K w . The obtained result is shown in Fig. 2 . As can be witnessed, with a value of 0.00015 (kW·h/kW·h) for K w , (5) provides the best approximation of (4). This value implies that each kW·h of the processed energy either in form of charge or discharge action will reduce the exploitable capacity of the lithium-ion battery under study by approximately 0.00015 kW·h. Moreover, this approximation suggests that capacity loss can be mainly linked to the total processed energy, and the impacts of other reported factors can be neglected in V2G applications. Experimental data in this specific context confirm the aforementioned conclusion [10] , [14] . Finally, it is noteworthy to remark that obtained value for global wear coefficient (K w ) is the same for all Li-ion batteries with identical ACC-DOD characteristics, regardless of the specific rated capacities.
B. Battery Wear Cost Modeling Procedure in V2G Applications
Suppose that mean daily amounts of energy consumed in driving and discharged due to participation in V2G programs are respectively E DRV and E V2G . In addition, assume that in the typical EV utilization pattern, the battery is charged back to 100% SOC at the end of each day. In this case, the average daily battery wear (dw) can be calculated as expressed in (6) . On the other hand and according to the presented definition for lifespan, a battery would reach the end of cycle life when it has lost 20% of its initial rated capacity. Therefore, estimated cycle life (N ECL ) of the battery under study can be evaluated as follows:
It should be notified that as the discharged energy in V2G mode should be recovered during charging process, a factor of 2 is considered for E V2G in (6). In addition, coefficient c accounts for the higher capacity loss during operation in driving mode compared to that of the V2G, as a result of more rapid cycling. In this study, its value is set to 2.22 [10] . Based on the engineering economics principles [20] , and modeling the degradation cost as a series of equal-payments during the N ECL (as illustrated in Fig. 3 ), daily wear cost (dc) can be calculated as follows:
where, CC and SV are respectively the capital cost (including replacing costs) and salvation value of the battery at the end of cycle life, and k ddr is the equivalent daily discount rate. Once daily wear cost is evaluated, the wp associated with 1 kW·h of processed energy can be calculated as follows:
The values of wp for different amounts of E DRV and E V2G are evaluated using the proposed method and the results are depicted in Fig. 4 .
Battery specifications are adopted from [8] , a ratio of 60% is considered for SV /CC, and annual discount rate is 5%. It should be notified that in this figure, E DRV and E V2G are expressed as per unit of the battery rated capacity. It can be witnessed that as higher amounts of energy are used in either driving or V2G modes, the wp decreases. This is because in either case, the battery cycle life would be shortened and as a result, the salvation value would have a higher equivalent present worth. This can be translated to decrement of equal payments value associated with the battery degradation.
III. OPTIMAL CHARGE SCHEDULING OF EVS CONSIDERING BATTERY WEAR COST
In this section, the proposed wear cost model for Li-ion batteries is integrated into the charge/discharge scheduling of V2G-capable EVs and the associated optimization model is formulated as a MILP problem. Since the actual wp depends on the EV utilization pattern and its exact value is unknown before solving the charge scheduling problem, an iterative method is proposed to find the optimal solution of this problem in an efficient manner.
A. Application of Wear Cost Model to EVs Charge Scheduling Problem
Charge scheduling of a V2G-capable EVs can be formulated as the following optimization problem:
S t e = S des .
Objective Function: The first and second terms in (10) respectively represent the cost of electricity for battery charging and the reward paid to customers for power discharge to the grid according to feed-in-tariff policy. The third and fourth terms account for the degradation cost according to the developed model in this paper. It should be noted that as both charge and discharge actions cause battery wear, their contributions are summed in (10) after accounting for the charging/discharging efficiencies. These terms are multiplied by time slot duration (e.g., 1 h) and integrated over the entire charging period T = [t b , t e ] to give the total charging cost. In this optimization problem, the values of P and S t are determined in different timeslots such that total charging cost specified in (10) is minimized.
Constraints: Allowable charging and discharging power limits of EV battery are respectively specified in (11) and (12) . Constraint (13) corresponds to allowable operational SOC limits. Simultaneous charging and discharging is avoided in (14) and the relationship between charging/discharging power and battery SOC is modelled in (15) . Finally, the SOC at the beginning of charging period and the desired value of SOC after completion of charging process are respectively specified in (16) and (17) . As a note, S des is set to 100% SOC in this paper. The optimization model presented above is in the form of a MILP problem and can be efficiently solved using available optimization software packages.
In the previous section, it was shown that the value of wp is not constant and depends on the utilization pattern of EV users. As a consequence, its actual value can be determined only after solving the charge scheduling problem. In order to deal with this issue, an iterative method is proposed in this paper which is able to efficiently find the optimal charging/discharging profile of EV.
B. Proposed Iterative Solution Method
The proposed framework for solving the charge scheduling problem is illustrated in Fig. 5 . According to this framework, in the first step, the required data pertinent to charge scheduling should be collected. These data include charging period, average daily energy usage of EV in driving, maximum allowable charge/discharge powers, allowable range of SOC, and desired value of SOC after completion of the charging process. Electricity cost and discharge reward (according to feed-in-tariff policy) should also be available.
In the next step, an initial value for wp must be chosen. Referring to Fig. 4 , any arbitrary number in the range 0.08 -0.12 US$/kW.h would be appropriate for the case under study. In the next step, the MILP optimization problem specified in (10) - (17) should be solved. Subsequently, the value of wp is updated using (6) - (9) . Note that the value of E V2G in (6) is set according to the total discharged energy in the optimal solution of the MILP problem, as follows:
where " * " stands for the optimal value of a variable. In this step, the latest value of parameters wp should be compared to that of the previous iteration (if any). In case the absolute value of the difference is smaller than a predefined value ε, the algorithm has converged. Otherwise, it moves to the next iteration and the proposed MILP problem should be solved again based on the latest value of wp. The delineated procedure should be pursued until the convergence criterion is met. As a notification, the value of ε is set to 0.0001 US$/kW.h. in this paper.
It is worth remarking that as the degradation cost depends on the long-term average utilization pattern of EV users, the associated data should be deployed for estimation of wp. Once it is ensured that calculated wp corresponds to the long-term utilization pattern of EV, its value can be treated as a fixed parameter in the studies and charge scheduling problem may be solved as an online application based on the initial SOC and charging period at each specific charging instance.
IV. CASE STUDIES
A. Base Case Description
In order to examine the main features of the proposed method, charge scheduling problem of a typical EV is considered as the base case. The average usage pattern of this vehicle is described in the following: The charging period starts at 18:00 and the vehicle remains connected to grid for 14 consecutive hours. The battery capacity is 29.07 kW·h and the average daily energy used in driving (E DRV ) equals to 8.721 kW·h, corresponding to an average value of 70% for SOC at the beginning of charging period [8] . Both charging and discharging efficiencies are assumed equal to 93%. The three-level time of use (TOU) tariff shown in Fig. 6 is utilized for electricity price [21] . It is assumed that discharged energy of EVs is rewarded at 0.3 US$/kW.h. by the feed-in-tariff policy. Time slot duration of the studies is set to one hour and the maximum allowable charging/discharging power of this vehicle is 2.3 kW [22] . As mentioned earlier, S des equals to 100% SOC. For battery characteristics and the associated financial parameters please refer to Section II. 
B. Results and Analysis
The proposed algorithm converged within three iterations and the values obtained for wp in different iterations are illustrated in Fig. 7 . As can be observed, an initial guess of 0.11 US$/kW.h. is used in the case studies and the final value of this parameter equals to 0.08679 US$/kW.h.
The hourly SOC profile and optimal charging/discharging schedule in the base case are depicted in Figs. 8 and 9 , respectively. By comparison with TOU tariff, it can be observed that optimal charging schedule recommends discharging with maximum allowable power during high-price period, and charging when price is low. Furthermore, the obtained results imply that in this case, the reward value under feed-in-tariff can cover the degradation costs incurred by the EV user during charging period and therefore he/she would have sufficient incentive to participate in the V2G program offered by the network operator.
C. Sensitivity Analysis
As briefly discussed earlier, various factors influence the optimal charging strategy and significantly affect the participation level of EV users in V2G programs. These factors are studied in this part.
Discharge Reward: The first investigated parameter is the reward paid to EV users under feed-in-tariff policy. Three different values are chosen for this parameter and the associated SOC profiles are illustrated in Fig. 10 . As a notification, all the other parameters are the same as that of Base Case. It can be observed that as discharge reward increases, the EV users would be more willing to participate in the V2G program and as a result, total processed energy and consequently the fluctuations in the SOC profile would increase.
In order to participate in V2G programs, an EV user should buy some energy from the grid and store it in the battery. Then he/she must discharge this energy to gain the associated revenue. It should be notified that according to our model, both charging and discharging processes cause battery degradation and the corresponding costs should also be included in the objective function. Only if this whole process results in a net positive revenue for EV user (negative cost in objective function (10)), he/she would participate in V2G programs. In the case associated with the lowest V2G tariff (s = 0.2US$/kW h), as the paid reward is not sufficient for covering the imposed electricity and battery degradation costs, it cannot convince the EV user to discharge any power during this period. As a result, the optimal schedule only involves charging over low price period.
In contrast, in the two other cases, the reward value can compensate the incurred wear cost and therefore participation in V2G program is cost-effective in viewpoint of EV users. In these cases too, the battery is charged during 23:00 -8:00, when electricity has the lowest price. However, as participating in V2G program is profitable when s is 0.30 US$/kW.h., the EV user would discharge some energy over 18:00 -23:00. With increment of s to 0.40 US$/kW.h., the EV user would try to discharge more energy in order to further reduce the total charging costs. As can be seen in Fig. 10 , this is achieved by charging the battery during 20:00 -21:00, so that it would be possible to inject more energy into the grid and gain more revenue as a result.
Other performance attributes of this case are tabulated in Table I . In compliance with Fig. 10 , this table suggests that as V2G reward tariff increases, the total charged energy of the battery also increases and this in turn provides the opportunity to discharge higher amounts of energy, which would reduce the total charging costs of EV user. Although this decision will increase the total processed energy and the associated battery degradation cost, the higher reward paid to customer not only covers this cost increment, but also reduces the total charging costs, as can be traced in Table I . As discussed in Section II, the higher utilization level of EV battery would lower the actual wear price. This can be verified from the obtained results, as the value of wp declines in response to an increase in V2G reward tariff.
Charging Period: Sensitivity of the obtained results to the charging period is investigated in terms of charging start time and duration. The charging costs associated with different start times are summarized in Table II . Moreover, the associated charging profiles are illustrated in Fig. 11 . It should be notified that all other parameters are the same as Base Case and duration of charging period is 14 h in all cases.
It can be observed from Fig. 11 that for an EV which is plugged into the grid at 10:00, participation in V2G programs is not cost-effective. This is because the charging interval overlaps with high electricity price period, and this in turn increases the cost of additional charging required for participation in V2G program. On these bases, the whole process would not be economical. In contrast, the difference between TOU tariff and the value of s during charging period persuades the EV user to discharge some energy in the three other cases. As can be verified from Table II and Fig. 11 , discharged energy via V2G capability is maximum when charging interval starts at 18:00 and therefore this case has achieved the minimum total charging cost among all. The impact of charging duration is examined in Table III and Fig. 12 . In these cases, charging period starts at 18:00. As expected, a longer charging period enables EV users to gain higher revenues by increasing the power discharge and more effectively reduce their total charging cost. Moreover, it is noteworthy to remark that increased charging duration would result in lower battery degradation price. In the shadow of this fact, EVs with longer parking durations can be considered as the more suitable candidates for playing the role of distributed energy storage units in the future power systems.
Battery Capital Cost: One of the main obstacles to widespread adoption of V2G programs is high capital cost of batteries. However, it is predicted that with advancement of technology, price of Li-ion batteries would decrease in the future. In the following paragraphs, the impact of capital cost on the profitability of V2G programs is explored. In this context, various battery capital cost scaling factors (χ) are considered and the obtained results have been put under discussion.
The sensitivity of wp in the base case to the value of χ is depicted in Fig. 13 . With decline of battery price, reduction of wp is expected according to (8) . Nevertheless, it should be reminded that wp also depends on the EV utilization pattern and its final value is output of an iterative procedure. In this context, it is expected that as χ decreases, battery usage level would grow due to higher profitability of participation in V2G programs and this would further reduce the final value of wp. However, Fig. 13 implies that the influence of change in utilization pattern is negligible and wp would decline with an almost linear trend in this case.
Sensitivity of different cost components to the value of χ are illustrated in Fig. 14 . It can be observed that neither discharged energy via V2G capability nor electricity consumption for charging would be significantly affected by the battery price and they would remain basically the same. However, the associated wear cost would drop due to lower value of wp and this leads to a considerable reduction in the total charging cost. In the case under study, a 25% reduction in battery capital cost would decrease the total charging cost of V2G-capable EVs by more than 60%. These results underline the fact that with proliferation of electric vehicles in the upcoming years which is expected to entail a significant drop in EV battery prices, they would be able to effectively play the role of distributed energy storage systems in the future power systems.
V. CONCLUDING REMARKS
In this paper, a practical scheme was proposed for integrating the wear costs of Li-ion batteries into the V2G applications. This goal was achieved through identifying all the factors that affect the degradation process of batteries and incorporating the ones pertinent to V2G application in a general model. The obtained model complies with the experimental data reported in the literature. Based on the engineering economics principles, this model was then deployed in devising a practical and accurate scheme for estimating the degradation cost of EV batteries due to participation in V2G programs. The wear cost model was incorporated in the optimal charge scheduling of EVs with V2G capability and a novel iterative method was proposed for solving the associated optimization problem. The applicability and effectiveness of the proposed model were demonstrated through several case studies. The obtained results confirmed that integration of battery degradation cost in V2G applications would significantly influence the charging strategies adopted by EV users and network operators should appropriately cover the associated cost to facilitate the participation of EV users in the offered V2G programs.
